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Abstract—Recently, two methods for quantifying the stabil-
ity of a dynamical system have been applied to human
locomotion: local stability (quantiﬁed by ﬁnite time maxi-
mum Lyapunov exponents, ks and kL) and orbital stability
(quantiﬁed by maximum Floquet multipliers, MaxFm). In
most studies published to date, data from optoelectronic
measurement systems were used to calculate these measures.
However, using wireless inertial sensors may be more
practical as they are easier to use, also in ambulatory
applications. While inertial sensors have been employed in
some studies, it is unknown whether they lead to similar
stability estimates as obtained with optoelectronic measure-
ment systems. In the present study, we compared stability
measures of human walking estimated from an optoelec-
tronic measurement system with those calculated from an
inertial sensor measurement system. Subjects walked on a
treadmill at three different speeds while kinematics were
recorded using both measurement systems. From the angular
velocities and linear accelerations, ks, kL, and MaxFm were
calculated. Both measurement systems showed the same
effects of walking speed for all variables. Estimates from
both measurement systems correlated high for ks and kL,
(R> 0.85) but less strongly for MaxFm (R = 0.66). These
results indicate that inertial sensors constitute a valid
alternative for an optoelectronic measurement system when
assessing dynamic stability in human locomotion, and may
thus be used instead, which paves the way to studying gait
stability during natural, everyday walking.
Keywords—Gait stability, Treadmill walking, Lyapunov
exponents, Floquet multipliers, Inertial sensors.
INTRODUCTION
With their high incidence and associated costs, falls
form a formidable problem in modern society.26
Consequently, there is a rapidly growing body of
research focusing on the (in) stability of posture and
gait in the elderly and various patient groups.
Recently, two ‘‘dynamical systems’’ methods for
quantifying stability have been applied in the study of
human locomotion: local dynamic stability1,2,4,8,17 and
orbital stability.1,14,15 Local dynamic stability is esti-
mated by means of the maximal ﬁnite time Lyapunov
exponent (also called divergence coefﬁcient), which
quantiﬁes how the system responds continuously to
very small perturbations.25 Orbital stability assumes
strict periodicity and is estimated by means of maxi-
mum Floquet multipliers, which quantify how the
system responds to very small perturbations in a dis-
crete, stroboscopic manner, i.e. from one cycle to the
next.14 Note that a non-linear system may be locally
unstable, in that neighboring trajectories tend to
diverge, while being orbitally stable, in that all trajec-
tories return to a limit cycle, thus preserving the overall
periodicity of the gait pattern. Both measures have
a sound mathematical basis14,25 and have fre-
quently been used to quantify dynamic gait stabil-
ity.1,2,13,16,20,22 Still, their relationship to more real-life
notions of stability is not yet clear.11,28 To further
study this relationship, large studies in which these
measures are correlated to real-life notions of stability
such as the number of falls will be required.
In most studies published to date, data from opto-
electronic measurement systems were used to calculate
local dynamic and orbital stability. However, when
aiming at the measurement of large populations, it may
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be more practical to use wireless inertial sensors
instead of an optoelectronic measurement system, as
has been done in some studies (e.g. Refs. 6, 30). There
are, however, two essential differences between data
obtained from an optoelectronic system and data
obtained from an inertial sensing system. The ﬁrst is
that the former measures position, whereas the latter
measures linear acceleration and/or angular velocity.
The second difference is that the data are expressed in
different coordinate systems: a global and a local
coordinate system which are not related through an
afﬁne transformation (the global system is an inertial
system, whereas the local system is not).
Theoretically, using these diﬀerent signals should
lead to the same results when estimating stability
measures since the recorded signals represent obser-
vations from the same underlying dynamic process.
Indeed, when derived from a state space description
with enough dimensions, the stability measures in
question have been demonstrated to be invariant for
the state space description chosen.12,21 Thus, ﬁrst
expressing the sensor data in a global coordinate sys-
tem seems unnecessary, which, given the complexity24
and the problems associated with this operation,3
would give inertial sensors a distinct advantage over
optoelectronic sensors in studying gait stability in both
clinic and ﬁeld.
Nevertheless, a direct comparison between estimates
of Lyapunov exponents and Floquet multipliers
obtained from optoelectronic data and from non-
aligned inertial sensor data has, to our knowledge, not
been performed to date. Given the essential diﬀerences
between the two measurement systems mentioned
above, it is not certain that they will yield similar or
even comparable results in practice. The shape of
the ‘‘attractor’’ (i.e., the sub-space in which signal
trajectories reside) will be very diﬀerent for both
methods due to projections of gravitational accelera-
tions, as well as projections of rotations and accelera-
tions onto axes of diﬀerent coordinate systems, which
are related in a time-varying manner to the motion
itself (see Fig. 1).
In the present study, we therefore examined the
eﬀects of using diﬀerent state space descriptions (i.e.
accelerations and rotational velocities, in global and
local coordinate systems) obtained from signals
recorded by means of both optoelectronic and inertial
sensor systems.
METHODS
Nine healthy male volunteers participated in the
study. A neoprene band with 3 infrared LEDs, used for
movement registration with an optoelectronic system
(Optotrak, NDI, Canada), was attached to the thorax,
over the spine at the level of Th8. Underneath this
band, a wireless inertial sensor node (PI-node, Philips,
The Netherlands, see Fig. 2) was placed,29 consisting
of 3D gyroscopes, magnetometers, and accelerometers
(in the current study only the accelerometer and
gyroscope were used). These sensors are small
(36 9 56 9 19 mm) and light weight (38 g) and use the
ZigBee transmission protocol (2.4 GHz) to connect to
a PC. The accuracy of these sensors has been tested
before and was found to be good.29
Subjects walked on a treadmill at 3 diﬀerent speeds
(0.56, 1.12, and 1.68 m/s), applied in random order, for
a period of 5 min at each speed. Sample rate was 50
samples per second. The measurement systems were
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FIGURE 1. Attractors in different reference frames. Attractors constructed from 3D acceleration patterns (left) and rotational
velocity (right) during walking, in global (solid trajectories, optoelectronic measurement system) and local (dashed trajectories,
inertial sensor measurement) coordinate systems. Note that due to the inclusion of the gravitational acceleration in the inertial
sensor acceleration signals, the corresponding attractor is much larger than that of the optoelectronic accelerations.
Dynamic Gait Stability from Inertial Sensors 2589
not synchronized, but data collection was started at
approximately the same time. However, post-hoc, data
were synchronized using cross-correlations on the
norm of the 3D acceleration signals.
Given the unwanted eﬀects of ﬁltering nonlinear
signals,21,23 data were analyzed without ﬁltering.
Acceleration data were obtained from the optoelec-
tronic position data by double differentiation of the
average position of the three markers. Rotational
velocities of the optoelectronic data were obtained by a
standard procedure (Ref. 31, p. 183, equation 3.46).
For both measurement systems, stride cycles were
deﬁned as the time between each second peak in the
norm of the 3D acceleration signals, which were
detected automatically and checked visually. For all
time series, the ﬁrst 150 strides were analyzed and time
was normalized so that each time series consisted of
15,000 data points and each stride of approximately
100 samples.1,10
Subsequently, 12D state spaces8,17–19 were recon-
structed from the time-normalized 3D acceleration and
3D rotational velocities time series, each with their 25
samples delayed copies. Note that the choice of
embedding dimension and delay are in principle arbi-
trary as long as the delay is ‘‘reasonable’’ and the
embedding dimension is ‘‘sufﬁciently large’’ (Ref. 8,
p. 1725).
From the state spaces, maximum Lyapunov expo-
nents, which express the sensitivity to small perturba-
tions in real time, were estimated as the slope of the
average logarithmic divergence of two initially nearest
neighbors25:
yðiÞ ¼ 1
Dt
ln djðiÞ
   ð1Þ
where dj(i) is the Euclidean distance between the jth
pair of nearest neighbors after i discrete time steps Dt
and <…> denotes the average over all values of j.
This slope was estimated at 0–0.5 strides (ks) and at 4–
10 strides (kL).
1,2
Orbital stability was estimated using maximum
Floquet multipliers,1,7,14,27 which provide an indica-
tion of the rate of growth of small perturbations from
one cycle to the next. For these calculations, the
trajectories were ﬁrst time normalized so that each
stride contained exactly 101 samples, representing 101
Poincare´ sections. Then, the Floquet multiplier for a
chosen Poincare´ section was calculated using the
formula:
Skþ1  S½  ¼ J Sð Þ Sk  S½  ð2Þ
where Sk is the value of the trajectory crossing at the
Poincare´ section during stride k, S* is the mean of all
Sk, and J is the Jacobian mapping in ﬁrst order the
deviation from S* of this trajectory crossing to its
deviation from S* at its next crossing (i.e. its next cycle
Sk+1). The maximum eigenvalue of J represents the
maximal Floquet multiplier. For further analysis, the
largest Floquet multiplier across all 101 Poincare´ sec-
tions, i.e., across all different phases in the stride cycle
was used (MaxFm),7 as this represents the most
unstable point in the stride cycle.
All calculations were performed using custom-made
Matlab programs (The MathWorks, Inc., Natick,
MA).
The eﬀects of walking speed on the estimates of the
stability measures from the two diﬀerent measurement
systems were tested by performing a repeated measures
ANOVA. Since we assume that both measurement
systems should yield similar results, signiﬁcant eﬀects
of measurement system would indicate that absolute
values obtained from diﬀerent measurement systems
(within a subject) cannot be compared, while a signif-
icant interaction would indicate that quantitative
eﬀects of manipulations (within a subject) cannot be
compared between measurement systems. Of course,
even if the latter is the case, qualitative eﬀects of
walking speed may still be similar across measurement
systems. Thus, to further assess how well the estimates
from both systems corresponded, we calculated the
correlation (R) between the outcomes of both systems.
A high correlation would indicate that similar (quali-
tative) effects of experimental manipulations/subject
group will be found, although quantitatively these
effects may differ. This may be a problem when com-
paring data from different studies using different
methodologies, but would still allow for comparison of
experimental conditions/subject groups using the same
methodology.
In case a low correlation (R< 0.8) between the two
measurement systems was found for a given dependent
measure, a post-hoc analysis was performed, in which
FIGURE 2. Inertial sensor unit. The wireless inertial sensor,
which contains accelerometers, magnetometers, and gyro-
scopes. Note that for the current study only the data from the
accelerometers and gyroscopes were used.
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the global Optotrak data were rotated to the local
cluster marker coordinate system, and the measure was
calculated from this data. To this end, the orientation
matrix of the cluster marker was calculated in the
global coordinate system for each time frame. Subse-
quently, to obtain the local angular velocity and linear
acceleration vectors, the global angular velocity
and linear acceleration vectors were pre-multiplied by
the inverse of this orientation matrix. Comparing the
measure as calculated from the rotated data to the
measure as calculated from the original Optotrak data
allowed us to separate the effect of instrumentation
and the choice of reference frame.
RESULTS
We found a main eﬀect of measurement system for
kL only (p = 0.001), which was relatively small (see
Fig. 3). More importantly, there were no signiﬁcant
speed 9 measurement system interactions for any of
the measures, indicating that the effects of speed were
not quantitatively different between measurement
systems. Signiﬁcant main effects of walking speed on ks
and kL were present (p< 0.001 for both): ks decreased
and kL increased with increasing walking speed. The
main effect of walking speed on MaxFm was not sig-
niﬁcant (p = 0.31, see Fig. 3), although visual inspec-
tion of the data suggested that with increasing walking
speed MaxFm ﬁrst decreased slightly and then
increased somewhat.
For ks, the correlation coefﬁcient between the two
measurement systems was 0.87, while for kL it was
0.98. For MaxFm, the correlation was the lowest, 0.66
(see Fig. 4). For MaxFm, when we compared the
measure as calculated from ‘‘normal’’ and ‘‘rotated’’
Optotrak data, we found a much higher correlation,
0.97.
DISCUSSION
Taken together, the results demonstrate that the
investigated stability measures, especially ks and kL,
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may well be estimated using non-aligned inertial sen-
sors. In comparing the two measurement systems, we
found similar effects of walking speed on ks, kL, and
MaxFm, indicating that the two measurement methods
lead to comparable results and thus may be used
interchangeably. It should be noted that these effects
of walking speed, in particular those with regard to ks,
are in disagreement with some published ﬁndings,9,10
but consistent with more recent reports.2 In all likeli-
hood, this discrepancy/consistency stem from the fact
that we used an equal number of strides for all walking
speeds, rather than an equal amount of time, as was
done in some studies.1 Although the present study is
not the ﬁrst to report that ks and kL show opposite
effects of walking speed,1,2,11 this ﬁnding is not yet well
understood. It has been suggested that these measures
may reﬂect different properties of gait stability.28 Still,
how this may contribute to our understanding of speed
on these measures remains to be investigated.
We found high correlations between the two systems
for ks and kL, but a lower correlation for MaxFm. The
low variance of MaxFm with walking speed, as man-
ifested by non-signiﬁcant speed effects on this param-
eter, may be a reason for the lower correlation between
the two measurement systems for MaxFm (i.e., if there
would be no variance because of walking speed, there
would be proportionally more error variance and the
correlation would be lower, even if the measurement
systems would not perform all that poorly in reality).
Also the fact that the Poincare´ sections were not
sampled at exactly the same time may have played a
role, as this may affect the positions of the trajectories
in the Poincare´ section, especially when those trajec-
tories are sharply curved. These kind of differences
should become smaller with increasing sample fre-
quency, or when analyzing the mean of all maximum
Floquet multipliers within the stride cycle. However, in
an extensive post-hoc analysis of the correlation of
the mean of all maximum Floquet multipliers of all
Poincare´ sections within a stridecycle, we found no
higher correlation between the two systems (R = 0.67),
which speaks against this effect. All in all, the low
correlation between the measurement systems that was
found for MaxFm raises the question whether the
chosen state space descriptions were sufﬁcient to cal-
culate this measure in the ﬁrst place. However, the
post-hoc analysis in which the rotated Optotrak were
compared with the normal Optotrak data suggested
that the differences between measurement systems (i.e.,
measurement noise) may explain most of the lack of
correlation. Of course, this noise would be present for
all measures, which suggests that MaxFm is more
sensitive to measurement noise than ks and kL, but may
be calculated from data in different reference frames.
This potential sensitivity of MaxFm to measure-
ment noise may be caused by the way it is calculated.
To start with, S* is likely to be little affected by
(Gaussian) noise, as it represents an average of all
trajectory crossings. However, J is calculated using a
least squares solution to Eq. (2), and it may well be
that noise has large effects on this solution, especially if
the minimum of the solution is shallow. An in-depth
analysis of these effects is outside the scope of the
current paper, but should be addressed in future
studies. Note that both ks and kL are based on aver-
aging, which renders noise less of an issue, as was also
shown by Rosenstein et al.25
The fact that kL showed the highest correlation
between measurement systems may be caused by the
fact that the rate of divergence after 1 stride will also be
largely dependent upon the structure of stride time
variability,2,16 which will be the same for both mea-
surement systems.
The fact that inertial sensors may be used as a viable
and valid alternative for optoelectronic measurement
systems constitutes a considerable advantage in studies
on gait stability. Inertial sensor systems are easier to
use and cheaper than optoelectronic measurement
systems and may thus be readily applied. This will
allow for large-scale studies in which gait stability,
perceived stability, and occurrence of falling are mea-
sured and correlated. These studies may then help to
further establish the relationship between measures of
dynamic gait stability and more real-life notions of
stability. Once this relationship has been established, a
window of opportunity is opened for clinical applica-
tion of these measures in terms of, e.g., diagnostics,
identiﬁcation of fall prone subjects, and evaluation of
treatment programs. Still, the usability of portable
sensors remains to be demonstrated in more realistic
conditions, such as overground walking, which diﬀers
in stability from treadmill walking.5
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